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Abstract

Anxiety disorders are a significant challenge to global health, yet current diag-
nostic methods rely mainly on subjective and episodic assessment. The appli-
cation of artificial intelligence (AI) in combination with neural and physiolog-
ical signals is a promising pathway toward objective and continuous monitor-
ing. This review provides a comprehensive evaluation of machine learning (ML)
and deep learning (DL) techniques applied to electroencephalography (EEG),
electrocardiography (ECG), Photoplethysmography (PPG), and electrodermal
activity (EDA) in the detection of anxiety. A systematic review of the litera-
ture covering the period 2015 — 2025 indicates that the field has evolved from
traditional ML systems based on hand-crafted features to modern end-to-end
deep learning schemes. Our review indicates that while classical models remain
effective, hybrid models such as CNN-LSTM and more sophisticated architec-
tures, like Transformers, consistently deliver state-of-the-art results, particularly
in multimodal data integration scenarios. Despite the impressive accuracies
reported, a critical examination identifies several key challenges including re-
liance on narrow, laboratory-trained datasets, a lack of standardized validation
procedures, and limited transparency in complex models, collectively impeding
clinical translation. Progress in this field requires the creation of large-scale,
clinically-validated datasets; the development of fault-tolerant, generalizable,

and interpretable schemes; and a transition from basic state classification to-



wards longitudinal, personalised monitoring in support of just-in-time interven-
tion. As a comprehensive and up-to-date narrative synthesis of Al-driven anx-
iety detection using neural and physiological signals, this review consolidates
a fragmented literature, articulates the translational gaps limiting real-world
deployment, and establishes a clear research agenda for the development of
clinically impactful digital mental health technologies.

Keywords: Anxiety, Machine Learning, Deep Learning, Physiological Signals,
Neural Signals, EEG, HRV

1. Introduction

Anxiety, as a basic emotional reaction in humans, plays a vital role in help-
ing individuals to respond to potential dangers. Although anxiety is a useful
adaptation response, it crosses a clinical threshold when it is excessive, persis-
tent, and causes interference in everyday functioning, often manifesting as a
diagnosed anxiety disorder [1]. Anxiety disorders represent a substantial global
public health problem, affecting an estimated 301 million individuals world-
wide, representing around 4% of the total global population [2]. Anxiety dis-
orders are among the most frequently observed psychiatric disorders, causing
significant strain on individuals, healthcare infrastructure, and economies [3, 4].
This situation thus underscores the urgent need for more effective approaches
to assessment and management.

The current standard way of diagnosing anxiety relies on clinical interviews,
guided by criteria from the Diagnostic and Statistical Manual of Mental Disor-
ders and subjective self-report questionnaires like the GAD-7 [5, 6]. However,
these methods have inherent limitations. Not only are they essentially sub-
jective, but they also depend on a patient’s self-awareness and willingness to
disclose symptoms. Additionally, these methods are vulnerable to recall bias,
as patients are often required to summarize their feelings over weeks or months.
Furthermore, assessments are necessarily episodic, and one short clinical visit

may not reflect the dynamic, fluctuating nature of anxiety in daily life. The



stigma surrounding mental health can also deter individuals from seeking help
or reporting symptoms accurately, leading to underdiagnosis and delayed treat-
ment [7, 8].

In order to overcome these limitations, researchers are increasingly turn-
ing to artificial intelligence to develop objective, continuous, and non-invasive
methods for anxiety detection. Anxiety manifests not only emotionally and
cognitively but also through distinct physiological changes mediated by the au-
tonomic nervous system. Hence, signals such as electroencephalography (EEG),
electrocardiography (ECG), electrodermal activity (EDA), etc., offer objective
and quantifiable biomarkers of an individual’s anxious state [9]. The rapid
development of wearable sensors has made it feasible to collect such data con-
tinuously in real-world settings. Machine learning (ML) and deep learning (DL)
models can analyze these complex data to identify patterns related to anxiety,
which could then enable early detection, personalized monitoring, and timely
intervention [7, 10]. In the present study, we survey these developments and

evaluate the state-of-the-art for detecting anxiety from physiological signals.

1.1. Related work and Unique Contributions

While the application of AI to mental health has been reviewed in recent
years, existing surveys often differ significantly from the current work in scope
or clinical focus. For instance, Kyrou et al. [11] provided an exhaustive survey
of deep learning techniques for stress detection and concluded that while deep
learning outperforms traditional methods, the field suffers from a lack of explain-
ability. Similarly, Tayarani-N et al. [12] reviewed machine learning for anxiety
assessment with a broad scope, including text mining. While their findings
regarding social media data analysis were promising, they also identified signifi-
cant limitations, particularly demographic bias and privacy concerns. Alaaeldin
et al. [13] conducted a systematic analysis focused on risk-of-bias, concluding
that the majority of existing studies lack rigorous external validation.

Building on this previous work, our review provides a distinct and critical



synthesis focused on bridging the gap between algorithmic performance and
real-world applicability. Unlike prior reviews, this paper uniquely contributes to
the literature by: (1) focusing on the latest state-of-the-art analytical pipelines
proposed for analysing central (e.g., EEG) and autonomic (e.g., ECG, EDA)
signals, as well as their integration within a multimodal framework for anxiety
assessment; (2) explicitly conceptualising the "Anxiety and Stress” to justify
the use of stress-induction protocols as valid proxies for anxiety detection while
delineating their limitations; and (3) moving beyond conventional performance
metrics to critically evaluate the generalizability and "in-the-wild" viability of

current models.

1.2. Methodology: Search Strategy and Selection Criteria

To ensure the reproducibility of this review, we conducted a structured liter-
ature search across PubMed, IEEE Xplore, and Scopus, covering the period from
January 2015 to October 2025. The search strategy employed Boolean logic to
intersect the clinical domain, data modality, and computational approach. The
primary search string was: (("anxiety” OR ”stress”) AND ("detection” OR "recog-
nition” OR ”classification”) AND ("EEG” OR "ECG” OR "JEDA” OR "GSR” OR
"physiological signals”) AND ("machine learning” OR “deep learning” OR "artifi-
cial intelligence”)). Articles were selected based on specific inclusion criteria: i)
publication in peer-reviewed journals or top-tier conference proceedings; ii) use
of human physiological signals; and i) reporting of quantitative performance
metrics (e.g., accuracy, AUC). We applied exclusion criteria to filter out: i)
studies focusing solely on text, audio, or video analysis without physiological
correlates; i) non-English publications; and #ii) abstract-only papers. This pro-
cess ensured a focus on high-quality, technically rigorous studies relevant to the
transition from signal processing to clinical application. It is important to dis-
tinguish the scope of citations in this work: the studies detailed in Tables 3 and
4 represent the core corpus of literature selected through this systematic search
for comparative evaluation. Other citations appearing in the introduction or

discussions serve to provide theoretical background, clarify clinical constructs,



or support technical explanations.

The remainder of this paper is structured as follows: Section 2 details the
primary data modalities and physiological justifications, along with a summary
of public datasets. Section 3 provides a critical review of the core computational
methods, ranging from traditional machine learning pipelines to state-of-the-art
deep learning architectures. Section 4 presents a comparative performance anal-
ysis of these methods, highlighting trends in validation and accuracy. Section 5
discusses the principal findings, major challenges, and implications. Finally, the
paper is concluded in section 6.

2. Definitions and Methods in Anxiety Research

2.1. Anaxiety, Stress, and the State-Trait Distinction

To accurately frame the scope of this review, it is necessary to first dis-
tinguish between the psychological constructs of anxiety. Anxiety is generally
categorized into state anxiety, a transient emotional reaction to a specific situa-
tion characterized by tension and autonomic arousal, and trait anxiety, a stable
personality characteristic reflecting a predisposition to perceive situations as
threatening. While the ultimate clinical goal is often the management of trait-
based disorders, Al-based detection systems primarily operate by identifying
the physiological correlates of state anxiety through moment-to-moment fluctu-
ations in arousal [12].

This distinction elucidates the conceptual relationship between “anxiety”
and “stress”. Although psychologically distinct, anxiety and stress share a sub-
stantial physiological overlap. Physiologically, state anxiety manifests as an
acute stress response. Whether the stressor is an immediate external pressure
(defined as stress) or the anticipation of a future threat (defined as anxiety),
both conditions trigger the activation of the sympathetic nervous system and
the Hypothalamic-Pituitary-Adrenal axis. This results in shared fight-or-flight
biomarkers evidenced by increased heart rate, reduced heart rate variability,
increased skin conductance, and beta-band EEG dominance [14].

Consequently, in the machine learning literature reviewed here, studies tar-



geting stress detection” are deliberately included alongside those targeting “anx-
iety”. This inclusion is justified by the practical reality that inducing genuine,
pathological anxiety in a controlled laboratory setting raises significant ethical
and practical difficulties. Therefore, to accurately measure physiological symp-
toms, researchers commonly use acute stress induction protocols (e.g., the Trier
Social Stress Test or mental arithmetic tasks used in datasets such as WESAD)
as reliable proxies for the physiological arousal associated with anxiety [15, 11].
Throughout this review, we analyze high-quality studies targeting both con-
structs, treating acute stress responses as the observable, ground-truth proxies

for state anxiety.

2.2. Phystological and Behavioral Modalities

While anxiety manifests through a broad spectrum of biological markers,
ranging from neuroendocrine levels (e.g., cortisol) to functional brain imaging
(e.g., IMRI), this review specifically prioritizes EEG, ECG, and EDA. These
modalities were selected based on two critical criteria: physiological representa-
tiveness and ambulatory feasibility.

Physiological representativeness means that these signals offer a comprehen-
sive view of anxiety: EEG reflects central nervous system activity and cognitive
processing, while ECG and EDA provide robust, rapid, and reliable measure-
ment of autonomic nervous system activation [12, 15]. Unlike fMRI or biochem-
ical assays, which require restrictive laboratory settings, these three signals can
be reliably captured using non-invasive, low-cost wearable sensors. This meets
our second criterion of ambulatory feasibility. These signals are primary candi-
dates for the development of continuous, in-the-wild monitoring systems, which
represent the current trajectory of the field toward accessible digital health so-
lutions [7].

This review focuses on the use of Al to detect anxiety through objective sig-
nals from the brain and body. In the following subsections, we briefly introduce

these key signals.



2.2.1. Electroencephalography (EEG)

Electroencephalography is a neurophysiological technique that measures the
brain cells’ electrical activity using electrodes placed on the scalp [9]. It pro-
vides a non-invasive gauge of arousal states based on neural dynamics. Anxiety
is consistently associated with specific changes in neural oscillations, particularly
a decrease in alpha band (8 — 12 Hz) power, which is dominant during relaxed
states, and an increase in beta band (12— 30 Hz) power, which is linked to alert-
ness and active thinking [16, 17]. Researchers analyze features such as Power
Spectral Density (PSD) within these bands, functional connectivity between
brain regions, and hemispheric asymmetry to identify the neural signatures of

anxiety [18, 19].

2.2.2. Electrocardiography (ECG)

Electrocardiography measures the electrical activity of the heart [9]. The
heart’s rhythm is regulated by the autonomic nervous system and is highly sen-
sitive to emotional arousal, making ECG a powerful tool for detecting anxiety.
Anxious states typically trigger the sympathetic "fight-or-flight” response that
leads to an increased heart rate and, crucially, a reduction in Heart Rate Vari-
ability (HRV) [20, 21]. HRV, which is the variation in time between consecutive
heartbeats, is the most common and robust metric derived from ECG for anxiety
assessment, with lower HRV indicating reduced psychological and physiological

adaptability [22].

2.2.3. Photoplethysmography (PPG)

Photoplethysmography is an optical sensing technique widely used in smart-
watches and fitness trackers to quantify blood volume variations within the
peripheral microvasculature [23]. By emitting light into the skin, PPG enables
the estimation of heart rate and heart rate variability, often referred to as Pulse
Rate Variability (PRV) within this context. It thus offers a practical and non-
invasive alternative to ECG in ambulatory monitoring. Similar to HRV derived

from ECG, reduction in PRV correlates with elevated stress and anxiety levels,



indicating increased sympathetic nervous system activity[24, 25].

2.2.4. FElectrodermal Activity (EDA) or Galvanic Skin Response (GSR)

EDA, also referred to as GSR, measures variations in the skin’s electrical
conductivity [18]. This phenomenon reflects the activity of the sweat glands,
which are governed solely by the sympathetic nervous system. This direct as-
sociation renders EDA an exceptionally sensitive and specific indicator of both
emotional and physiological arousal [20]. States of anxiety result in heightened
sweat secretion, which correlates with significant increases in the baseline tonic
skin conductance level (SCL) as well as the frequency and amplitude of phasic

skin conductance responses (SCRs) [24].

2.8. Publicly Available Datasets

The progress of research in anxiety detection using machine learning and
deep learning has been significantly facilitated by the availability of publicly ac-
cessible datasets. There are several publicly-available benchmark datasets in the
field. These datasets comprise multimodal physiological signals (such as EEG,
ECG, and EDA), recorded while participants are exposed to stimuli designed
to elicit specific emotional states, such as anxiety, fear, or stress. Common pro-
tocols range from watching emotionally charged video clips (e.g., in DEAP and
SEED) to undergoing face-to-face psychological stimulation (e.g., in DASPS)
or performing stressful cognitive tasks (e.g., Sam40). The most useful datasets
for training and comparing supervised machine learning models provide these
measures alongside labels of the emotional state or anxiety level, as derived from
self-reported questionnaires. A summary of the most relevant publicly available
datasets for anxiety and emotion recognition research is provided in Table 1.

Although these datasets are invaluable for benchmarking algorithms, it is
critical to acknowledge their common limitations. Some datasets, such as DEAP
and WESAD, were collected in controlled laboratory environments using stan-
dardized emotional stimuli on healthy, often young, student participants. There-

fore, machine learning models trained on this data may not generalize well to



Table 1: A summary of key publicly available datasets for anxiety, stress, and emotion research

Dataset Name

Primary Focus

Task / Stimulus

Data Modalities

Number of Subjects

Ground Truth Labeling Method

Recorded
Physiological Datasets (EEG, ECG, etc.)
DASPS (A Database for ~Anxiety States Imagining anxious scenar- EEG, ECG 23 Self-Assessment Manikin (SAM), HAM-A scores
Anxious States) [26] ios guided by a psy-
chotherapist
WESAD (Wearable Stress ~ Stress & Affect Mental arithmetic, public ECG, EDA, EMG, 15 Self-report (stress level), condition-based labels
and Affect Detection) [27] speaking, watching amus- RESP, TEMP,
ing video BVP
DEAP  (Database for Emotion Recognition Watching l-minute music  EEG, EOG, EMG, 32 Self-assessment (Valence, Arousal, Dominance)
Emotion Analysis using video excerpts EDA, RESP,
Physiological signals) [28] TEMP
JED (SITU Emotion Emotion Recognition Watching emotional EEG 15 Emotion category labels (happy, sad, fear, etc.)
EEG Dataset) [29] movie  clips  (posit
neutral, negative)
AnxiECG-PPG [30] Anxiety States Watching emotion-  ECG, PPG a7 Self-assessment (Valence, Arousal, Anxiety)
inducing videos, physical
stress (hand immersion)
VerBIO [31] Public Speaking Anxiety Giving speeches in real-life  Audio, ECG, EDA 55 Self-report (Trait/State Anxiety, Stress Ratings)
and Virtual Reality (VR)
BESST (Brno Extended Cognitive & Physical Stress ~ Cognitive tasks (Read-  Speech, ECG, 90 Questionnaire, task-based labels
Stress and Speech Test) ing Span), physical stress EDA, Skin Temp,
32] (Hand Immersion) Video
PROPER  (Personality Public Speaking Giving a speech to a real EEG,  Wearable 40 Big Five personality test (for correlation)
Recognition on  Public audience sensor data
Speaking) [33]
SAM 40 [34] Induced Stress Stroop test, arithmetic EEG 40 Verbal feedback, task-based labels
task, mirror image recog-
nition
EEG  During  Mental Stress Mental arithmetic tasks EEG 66 Task-based labels (rest vs. task)
Arithmetic Tasks [35, 36]
HR-EEG4EMO [37] Emotion Recognition Watching neutral and High-resolution 40 Stimulus-based labels (neutral vs. emotional)
emotional film excerpts  EEG
MODMA  (Multi-modal  Mental Disorder (Depression)  Viewing Fear, Sad, Happy, EEG, Speech 53 Diagnosis-based (Depression vs. Control)
Open Dataset for Mental- Neutral stimuli
disorder Analysis) [38]
Preschool Children Anxi- ~ Anxiety Disorder Diagnosis Clinical interviews, Behavioral,  psy- 193 Clinical diagnosis (GAD, SAD, Panic Disorder)
ety Dataset [39] parent-report  question-  chophysiological
naires data.
Anxiety Phase Dataset Phobic & Social Anxiety Exposure  to anxiety- ECG, EDA 95 Questionnaire, condition-based labels
[40] provoking stimuli (c.g., (Torso,/Wrist/Leg)
bug-related)
Text-Based Datasets
Dreaddit: A Reddit  Stress (from text) N/A (analysis of existing Text (Reddit posts) N/A Subreddit labels (e.g., posts from r/anxiety vs. r/happy)
Dataset for Stress Analy- online posts)
sis [41]
Stress Detection from So-  Stress (from text) N/A (analysis of existing Text (Reddit, Twit- N/A Keyword and content-based labels

cial Media Articles [42]

online posts)

ter posts)




diverse and real-world clinical populations experiencing spontaneous and idio-
pathic anxiety. Furthermore, the relatively small number of subjects in many
datasets (often fewer than 50) poses a significant challenge for training complex
deep learning models and increases the risk of overfitting which restricts the
robustness of these models.

Recognizing these gaps, the field is slowly moving towards creating more
valid datasets. For instance, datasets like VerBIO [31] and the data collec-
tion methodology described by Thmig et al. [43] capture physiological responses
during more realistic tasks such as public speaking or virtual reality exposure
therapy. The development of datasets that include clinically diagnosed patient
populations, longitudinal data collected over days or weeks, and data captured
in-the-wild using consumer-grade wearables remains a critical and urgent prior-
ity for the research community. Such datasets will be essential for validating the
clinical utility of AI models and moving them from the laboratory to real-world

applications.

2.4. Psychological Questionnaires as Ground Truth

An essential step in developing supervised machine learning models for anx-
iety detection is the creation of an accurately labeled dataset. In this context,
researchers mostly use validated psychological questionnaires and rating scales in
order to establish the ground truth. These self-report or clinician-administered
instruments are used to assess a participant’s subjective emotional state, with
the resulting scores serving as the labels (e.g., anxious vs. non-anxious, or a nu-
merical severity score) for the corresponding physiological data segments. The
most widely used questionnaire is the State-Trait Anxiety Inventory (STAI),
which distinguishes transient situational anxiety (state) and an individual’s
general disposition (trait), and the Generalized Anxiety Disorder-7 (GAD-T7),
a brief scale widely used for screening clinical symptoms [44, 6]. For studies tar-
geting specific phobias or situations, more specialized scales such as the Personal
Report of Public Speaking Anxiety (PRPSA) are also employed [45].

As an alternative to subjective, state-based labeling, a clinically-relevant

10



approach is to establish ground truth using a formal clinical diagnosis. This
method is indeed feasible and is employed in a growing number of studies where
the goal is to classify the person themselves. For example, studies by Luo et
al. [46], Al-Ezzi et al. [47], and Park et al. [10] successfully trained models to
distinguish between individuals with diagnosed Generalized Anxiety Disorder
(GAD) or Social Anxiety Disorder (SAD) and healthy individuals. Although a
clinical diagnosis provides a more stable and objective gold standard label, it also
presents its own challenge. For example, a person with an anxiety disorder is not
physiologically anxious every second of the day, creating a temporal ambiguity
when labeling continuous time series data. Therefore, understanding which type
of ground truth is used in a study, a momentary, questionnaire-based state score
or a stable, diagnosis-based trait label, is crucial for critically evaluating the
claims and applicability of any AT model for anxiety detection. A comprehensive
list of questionnaires used for measuring (ground truth) anxiety and stress is

provided in Appendix A.

3. Computational Methods for Anxiety Detection

The methodologies employed for automated anxiety detection range from
traditional machine learning techniques, which rely on handcrafted features, to
deep learning models capable of automatic representations learned from raw
data. This section reviews these core computational paradigms, highlighting
their application to physiological signals for classifying anxious states. A sum-
mary of the most commonly engineered features for anxiety detection is provided

in Table 2.

8.1. The Traditional Machine Learning Pipeline

Traditional machine learning represents the foundational approach to anx-
iety detection. This paradigm typically involves a two-stage process: first, ex-
tracting a set of predefined features from the raw input data (e.g., physiological
signals) based on domain knowledge; second, training a standard classification

algorithm on these extracted features.
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Table 2: Commonly used features for traditional machine learning-based anxiety detection

Biological Sig-

Feature Category

Example Features

nal
Time-Domain Mean, Standard Deviation, Zero-Crossing Rate, Hjorth Activity,
Mobility, Complexity
EEG . .
Frequency-Domain PSD (Delta, Theta, Alpha, Beta, Gamma), Spectral Centroids
Time-Frequency Do- DWT Coefficients, Shannon Entropy of DWT
main
Emotional Model Valence, Arousal Scores
HRV - Time-Domain RMSSD, SDNN, pNN50, MeanNN
HRV - Frequency- LF Power, HF Power, LF/HF Ratio
ECG .
Domain
HRYV - Non-Linear Sample Entropy, SD1, SD2
ECG Peaks Interval Mean RR Interval, SD of RR Intervals
HRV - Time-Domain RMSSD, SDNN, pNN50
HRV - Frequency- LF Power, HF Power, LF/HF Ratio
PPG .
Domain
Pulse Wave Character-  Systolic Peak Amplitude, Diastolic Peak Amplitude, Pulse Width
istics
Statistical Mean Peak Width, Standard Deviation of Peak Amplitude
Statistical Mean EDA, Standard Deviation of EDA, Peak-to-Peak Amplitude
SCL Features Mean SCL, Maximum SCL
EDA

SCR Features

Time-Domain

Mean SCR Amplitude, Number of SCRs, Rise Time

Sum Rise Time, Sum Fall Time

12



8.1.1. Feature Extraction Engineering and Selection

The success of traditional machine learning models in anxiety detection is
heavily dependent on the quality of hand-crafted features extracted from physi-
ological signals. Through feature engineering, raw time series are converted into
structured features that provide discriminative information for anxiety classifi-
cation. The feature sets are typically tailored to the specific characteristics of
each data modality.

For EEG, the features illustrating anxiety are most often extracted from
the frequency and time-frequency domain. The most popular feature is Power
Spectral Density (PSD), which is calculated for typical neural oscillation bands,
including delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta (12-30 Hz),
and gamma (> 30 Hz), as the relative power within bands is highly correlated
with shifting states of relaxation and arousal [48, 19]. Besides spectral power,
other common features include hemispheric asymmetry measurements in the
form of the Rational Asymmetry (RASM) and the Frontal Asymmetry Index
(FAI), examining the levels of activity in the left and right cerebral hemispheres.
For the purpose of signal complexity evaluation, various types of entropy, such
as Fuzzy Entropy, are used as well [18]. Since EEG is a non-stationary sig-
nal, time-frequency features estimated using the Discrete Wavelet Transform
(DWT) are often used to derive statistical moments from the decomposition
coeflicients, enabling the detection of transient changes that may be overlooked
under standard spectral analysis [49].

For cardiac signals acquired via ECG and PPG, analysis generally centers
on HRV and PRV, respectively. Commonly extracted features aim to quantify
the autonomic nervous system’s influence on heart rate dynamics. These are
described below. Time-domain features are statistical measures of the intervals
between heartbeats (normal-to-normal (NN) intervals). Key examples include
the standard deviation of NN intervals (SDNN), reflecting overall HRV; the root
mean square of successive differences (RMSSD), capturing short-term and high-

frequency variations; and pNN50, the percentage of adjacent NN intervals that
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differ by more than 50ms [50, 51].

Frequency-domain features quantify the distribution of HRV power across
spectral bands. The low-frequency band (LF:0.04-0.15 Hz) is associated with
both sympathetic and parasympathetic activity, while the high-frequency band
(HF: 0.15-0.4H ) reflects parasympathetic (vagal) activity. The LF /HF ratio is
a widely used yet often debated marker of sympathovagal balance, with higher
values typically indicating increased sympathetic dominance, which is commonly
observed in anxious states [52].

Non-linear features capture the complexity and regularity of the heart rate
pattern, providing insights beyond linear statistics. Common examples in-
clude Sample Entropy (SampEn) and Approximate Entropy (ApEn), which
measure predictability, and geometric descriptors from Poincaré plots, such as
SD1 (reflecting short-term variability) and SD2 (reflecting long-term variability)
[63, 54, 50].

For EDA, key features include statistical properties of the raw signal (e.g.,
mean and standard deviation) and, more specifically, metrics derived from its
two principal components. These metrics are designed to characterize both the
slowly varying tonic component and the rapidly fluctuating phasic responses of
the signal, which reflect sympathetic arousal. Tonic features are derived from
the SCL, the baseline level of conductivity. The mean SCL over a window is
a common feature indicating overall arousal. Phasic features are derived from
SCRs, which manifest as brief, transient increases in conductivity. Key SCR
features include their frequency of occurrence, mean amplitude, total count
within a given time window, and rise time (the time from onset to peak) [55].

Following this extensive extraction process, a feature selection step is often
crucial to reduce dimensionality, remove redundant information, and prevent
model overfitting. Techniques such as Recursive Feature Elimination (RFE),
statistical tests (e.g., ANOVA), or wrapper-based methods are commonly ap-
plied to identify the most salient subset of features for the final classification

task [19, 56].
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8.1.2. Traditional Machine Learning Classifiers

After extracting a set of discriminative features, different supervised machine
learning classifiers are trained to differentiate among anxious states. Although
many algorithms have been evaluated, some have established themselves as par-
ticularly powerful for anxiety detection.

Support Vector Machines (SVMs) are frequently used due to their effective-
ness in high-dimensional feature spaces. In this framework, the kernel function
serves as a key hyperparameter and plays a critical role in determining model
performance. The most common kernels used by SVM are Linear (LBF) and Ra-
dial Basis Function (RBF) kernels. For instance, Sinche et al. [57] demonstrated
that an SVM classifier achieved very high accuracy (99.84%) in binary stress
detection using ECG-derived features from consumer-grade heart rate sensors.
SVMs have demonstrated effectiveness in multi-class classification problems as
well. For example, Kang et al. [58] used a one-against-all SVM to classify four
stress-related emotional states based on ECG features, and demonstrated that
an ensemble SVM-Naive Bayes outperformed other models. Szakonyi et al. [59]
further explored SVMs alongside other approaches for stress detection based
on HRV, while Andrikopoulos et al. [60] reported that an SVM-based model
yielded the highest performance (81.6% accuracy) for detecting adult ADHD,
a condition often associated with anxiety, using multimodal wearable data. Al-
though SVMs are powerful, these methods are increasingly used as a baseline
for comparison against more complex ensemble methods [51].

Ensemble methods, which combine the outputs of multiple base estimators,
consistently rank among the top-performing traditional models. Their ability to
reduce variance and handle complex, non-linear interactions makes them well-
suited for noisy physiological data. Tree-based ensemble methods have become
particularly prevalent, with Random Forest (RF) standing out as a widely pre-
ferred classifier in this area, mainly because of its reliability and its ability to
rank features by importance. According to research performed by Muhammad

et al. [19], RF consistently surpasses SVM, k-Nearest Neighbors (kNN), and
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Multilayer Perceptron (MLP) methods in tasks involving the classification of
four anxiety levels based on EEG data. Similarly, Vaz et al. [56] achieved an
outstanding ROC-AUC of 0.980 using an RF model coupled with data balanc-
ing techniques. More sophisticated ensemble methods, such as eXtreme Gradi-
ent Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), and
CatBoost, are increasingly gaining recognition for their strong predictive per-
formance. Dalmeida et al. [51] and Park et al. [10] have identified these
models as leading options for predicting symptoms related to stress and social
anxiety, respectively. The effectiveness of these advanced ensembles was fur-
ther demonstrated by Luo et al. [46], who applied CatBoost and Light GBM
to EEG-derived functional connectivity features to classify Generalized Anxiety
Disorder into four severity levels. CatBoost delivered accuracy of between 95.5%
and 98.5%. Moreover, even a basic Decision Tree, as implemented by Tsai et
al. [50], and Zeng et al. [61], can be remarkably effective, particularly when
developing interpretable models for assessing stress and detecting sex-specific
fatigue.

Boosting algorithms, such as AdaBoost, are another powerful class of ensem-
ble techniques. Vaz et al. [56] highlighted that an AdaBoost classifier achieved
the highest F1-score and accuracy on their anxiety classification task when com-
bined with SMOTE for data balancing. Aldayel et al. [48] also included Ad-
aBoost Bagging, and Gradient Bagging in their comprehensive comparison of
classifiers for EEG-based anxiety detection.

Other classifiers have also been explored to provide a more comprehensive
comparative picture. Al-Nafjan et al. [62] employed kNN to achieve high accu-
racy (96.9%) using statistical features achieved from GSR data, outperforming
both SVM and RF in that specific application. However, kNN is also used as a
baseline by many other researchers, including Szakonyi et al. [59] and Aldayel
et al. [48]. Similarly, Linear Discriminant Analysis (LDA) is frequently included
for benchmarking, as seen in the work of Bilucaglia et al. [63] and Vaz et al.
[56]. Finally, simpler models like Logistic Regression and Naive Bayes are often

included in initial comparative analyses but are generally superseded by more
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complex models in final results [58, 64].

Overall, although a variety of classifiers are viable, the research trend in tra-
ditional machine learning for anxiety detection clearly indicates that tree-based
ensemble methods, particularly Random Forest and Gradient Boosting variants,
offer the most robust and accurate solutions across different data modalities and
datasets.

8.2. Deep Learning Approaches

Researchers have increasingly shifted towards using deep learning models to
overcome the limitations of traditional classifiers and capture more complex,
non-linear patterns. While deep learning is frequently associated with end-to-
end learning, where models extract hierarchical representations directly from
raw data, the literature reveals a more nuanced spectrum of applications. To
avoid conceptual confusion, deep learning methods in anxiety detection can be
categorized into three distinct operational frameworks: (1) Feature-based deep
learning, where traditional hand-crafted features (e.g., spectral power or effec-
tive connectivity) are fed into deep neural networks to leverage their advanced
classification capabilities [65, 66]; (2) Representation-based hybrid learning,
which transforms 1D signals into engineered representations (e.g., 2D spectro-
grams, scalp maps, or autoencoder latent spaces) prior to deep spatial/temporal
processing; and (3) Strict end-to-end learning, which operates directly on raw
or minimally processed time-series data to discover novel, entirely data-driven
biomarkers. Different deep learning architectures are chosen based on this input

data formulation.

8.2.1. Deep Learning Architectures for Sequential Data: RNN, LSTM, and
GRU models
Recurrent Neural Networks (RNNs) and their more advanced variants, Long
Short-Term Memory (LSTM) as well as Gated Recurrent Units (GRU), are nat-
urally suited for modelling physiological signals, which are fundamentally time
series. The input to recurrent neural networks can vary depending on the ap-

proach. In some hybrid models, the input is a sequence of hand-crafted HRV
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features [67, 68]. In many of the end-to-end systems, meanwhile, raw or min-
imally processed 1D time series, such as the sequence of ECG voltage values
or RR intervals, are fed directly into the network [69]. This causes the model
to implicitly learn temporal patterns without relying on predefined feature ex-
traction. These models have internal memory mechanisms which allow them
to capture temporal dependencies and understand how a signal evolves. This
makes them ideal for tasks like anxiety and stress detection.

Combining the strengths of traditional signal processing with temporal deep
learning is a common application to process sequences of hand-crafted features.
For example, Zhong et al. [67] used a deep GRU network to classify four levels
of psychological stress by feeding it a sequence of seven HRV features extracted
over time. Similarly, Liu et al. [68] employed a Bi-directional LSTM (BiLSTM)
to process Differential Entropy (DE) features from EEG signals as part of a
depression prediction model. They demonstrated the architecture’s capacity to
learn from sequences of pre-extracted neural features.

Together, these findings indicate that such architectures can be extended
to minimally processed data, enabling the network to learn temporal patterns
directly from the input. LSTMs are widely used for this purpose. Masuda et al.
[70] utilized an LSTM layer to process features extracted by a CNN from raw
multi-channel neural and physiological data (i.e. EEG and EMG), demonstrat-
ing effective classification of four distinct fear levels. BiLSTM variants, which
process sequences in both forward and backward directions to capture richer
contextual information, have also shown strong potential. Roy et al. [49] incor-
porated a BiLSTM layer into a hybrid model to learn from decomposed EEG
signals, while Ahmed et al. [65] reported that a BILSTM-kNN model achieved
outstanding accuracy (97.88%) for detecting Obsessive-Compulsive Disorder
(OCD) from EEG-derived features. The superiority of this architecture was
further demonstrated by Joshi et al. [71]. After extracting novel Higher-Order
Statistics (HOS) features from EEG signals in the DASPS dataset, they found
that a BILSTM network significantly outperformed both SVM and kNN clas-

sifiers trained on the same feature set. This highlights the power of recurrent
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architectures in classifying a range of psychiatric conditions from neurophysio-

logical time series data.

3.2.2. Deep Learning Architectures for Spatiotemporal Data: CNNs and Hybrids

Convolutional Neural Networks (CNNs), the cornerstone of deep learning
for image analysis, have been adapted with great success to physiological signal
processing. Instead of processing raw 1D time series directly, the signals can
be transformed into 2D representations that serve as the input features. This
preprocessing step is crucial and defines the type of features the CNN will learn.
Common input representations include spectrograms, which are time-frequency
images created using techniques like the Short-Time Fourier Transform (STFT)
or Wavelet Transforms, visualizing how the frequency content of a signal (e.g.,
EEG or ECG) changes over time [72]. Another common representation involves
topographical maps, which are 2D images that represent the spatial distribution
of EEG activity across the scalp. This preprocessing allows the CNN to learn
spatial patterns between electrodes. This method, as employed by Ghonchi et
al. [73], converts 1D channel data into a sequence of 2D "scalp map” images
that preserve the spatial topology of the electrodes and allow a CNN to directly
learn from the spatial relationships of brain activity. Finally, Poincaré plots,
which are visual representations of HRV where RR intervals in ECG signals are
plotted against subsequent intervals, can be converted into images and used as
input to a CNN to learn non-linear dynamics [74, 75].

Standalone CNNs can be highly effective. Dar et al. [76] used a 2D-CNN on
EEG data arranged in a 2D grid for emotion classification. In a novel approach,
Baygin et al. [77] used a CNN to classify images generated using a hand-
crafted Probabilistic Binary Pattern (PBP) from ECG signals. They achieved
over 98.5% accuracy in 4-class anxiety detection. This strategy of convert-
ing 1D signals into 2D images is gaining significant traction; Ebrahimpour et
al. [78] also successfully applied this by transforming 5-second ECG segments
into time-frequency images via a Continuous Wavelet Transform (CWT). By

feeding these images into a powerful ResNet50 CNN, they achieved 94.92% ac-

19



curacy in classifying Post-Traumatic Stress Disorder (PTSD). This indicates
that rich diagnostic information exists in the ECG waveform’s morphology be-
yond standard HRV. Another innovative approach is seen in the MVCA-Net
proposed by Ghonchi et al. [79], which uses parallel convolutional pathways
with varying kernel sizes to automatically extract multi-scale frequency fea-
tures directly from EEG signals. They used attention mechanisms to enhance
performance. However, the most powerful and prevalent architecture in this
domain is the hybrid CNN-LSTM model which integrates the complementary
strengths of both components. In a hybrid model, the CNN serves as an auto-
mated feature extractor that captures salient spatial or spectral representations,
while the subsequent LSTM (or GRU) layer models the temporal dependencies
among these learned features. This end-to-end spatiotemporal approach has
consistently delivered state-of-the-art results in laboratory settings. Neverthe-
less, these high-performance metrics must be interpreted with a critical lens;
many of these studies rely on small participant pools and extensive data aug-
mentation, which can artificially inflate accuracy and introduce a high risk of
overfitting.

Several studies have highlighted the effectiveness of hybrid architectures for
stress, fear, and anxiety detection across diverse physiological modalities. In
the context of stress and fear detection, Ghonchi et al. [73] is a prime example.
We proposed a hybrid CNN-RNN framework that processed sequences of the
generated scalp maps, achieving accuracies of 94.24% for binary and 92.58%
for four-class anxiety detection on the DASPS dataset. Similarly, Tanwar et
al. [80] developed a CNN-LSTM to recognize stress levels using multimodal
wearable sensor data, including ECG, EMG, and EDA signals. Masuda et al.
[70] further extended the paradigm by introducing a multi-input CNN-LSTM,
where CNNs first extracted features from raw multichannel physiological data
before an LSTM layer classified four levels of fear with high accuracy.

For High-Accuracy ECG Analysis, Kang et al. [72] applied a modified CNN-
LSTM ensemble to ECG spectrograms. They achieved a stress classification ac-

curacy of 98.3%, demonstrating a significant improvement over previous meth-
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ods.

To fuse signals from multiple modalities, Xiang et al. [72] designed a multi-
modal model (MMFD-SD) using parallel CNN branches to process features
from accelerometer, EDA, HR, and temperature data. They showed robust
performance in occupational stress detection. Kim et al. [81] further developed
this by using a multi-column CNN that fused features from both EEG and
GSR spectrograms. They achieved an outstanding AUROC of 0.954 for stress
classification in a realistic VR interview paradigm.

When applied to psychiatric condition diagnosis, the hybrid model’s util-
ity extends beyond stress. Ahmed et al. [65] found that a CNN-LSTM out-
performed other models for diagnosing adjustment disorder from EEG signals.
Similarly, Al-Ezzi et al. [82] utilized a hybrid CNN-LSTM to classify the sever-
ity of Social Anxiety Disorder into four distinct levels. By training the model on
features derived from the brain’s effective connectivity networks, they achieved
a high accuracy of 92.86% and demonstrated that the default mode network
(DMN) was a key predictive region. Roy et al. [49] created a hybrid model
integrating a 1D-CNN with BiLSTM and GRU layers (CBGG) to detect psy-
chological stress from decomposed EEG signals. They reported a classification
accuracy of 98.10%.

These studies collectively show that by converting time series problems into
a spatiotemporal format, hybrid models, particularly the CNN-LSTM, can ef-
fectively learn the complex, intertwined patterns indicative of anxiety and its

related states.

8.2.8. Advanced and Unsupervised Architectures: Transformers, GNNs, Au-
toencoders
Beyond the well-established CNN- and RNN-based architectures, some re-
searchers have shifted toward more advanced models designed to tackle specific
challenges like long-range temporal dependencies, inter-channel relationships,
and the need for unsupervised feature learning.

Transformers and Attention Mechanisms, originally developed for natural
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language processing, are increasingly applied to physiological signals due to their
ability to model long-range dependencies more effectively than RNNs. While
RNNSs process data sequentially and may suffer from the loss of early informa-
tion in long sequences, transformer models utilize a self-attention mechanism
to simultaneously evaluate the relative importance of all time steps. These ad-
vantages were highlighted in recent work on stress detection [83, 84]. The self-
attention mechanism allows the model to identify salient physiological events
(e.g., a sporadic spike in skin conductance or a specific EEG burst) regardless
of where they occur in the time series, making them ideal for capturing the com-
plex, non-stationary dynamics of anxiety [11]. Behinaein et al. [83] developed
a novel Transformer-based architecture to perform end-to-end stress detection
directly from raw ECG signals. The results they achieved were comparable
to the state-of-the-art methods without any manual feature engineering. Ar-
jun et al. [84] further advanced this direction by demonstrating that a Vision
Transformer (ViT) applied directly to raw 1D EEG signals could outperform
a ViT applied to 2D time-frequency images. This method achieved 99.4% ac-
curacy and highlighted the power of the attention mechanism on raw temporal
data. However, such exceptionally high accuracies on restricted datasets must
be interpreted cautiously due to potential subject-dependent bias. Additional
hybrid approaches have employed attention mechanisms. For example, Liu et
al. [85] incorporated a transformer module into their ERTNet architecture for
emotion recognition via EEG, while Ghonchi et al. [79] combined a transformer
with a Squeeze-and-Excitation (SE) attention block within their convolutional
MVCA-Net architecture for dynamically focusing on the frequency-specific ele-
ments within EEG signals for the task of anxiety detection. Building upon this
architecture, Liu et al. [86] proposed the EEGMind-Transformer, an end-to-end
novel model utilizing dynamic temporal graph attention along with hierarchical
graph representation. This advanced configuration allows the model to skillfully
extract the complex spacial and temporal dynamics within the brain from min-
imally preprocessed EEG input. They achieved state-of-the-art performance,

reaching an accuracy of 92.5% on publicly released data sets. While estab-
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lishing the immense possibility of dedicated transformer-based architectures, it
must be noted that these models carry significant computational costs and re-
quire massive data volumes to generalize without overfitting, currently limiting
their deployment in low-power wearable systems.

Graph Neural Networks (GNNSs) represent a new frontier for EEG analysis
by explicitly modeling the topological relationships among sensors. Standard
CNNs typically treat EEG channels as a flat 2D grid, which ignores the 3D struc-
ture of the brain. In contrast, GNNs represent electrodes as nodes and their
connections, defined by physical proximity or functional connectivity, as edges.
This allows the model to learn not only from the signals at individual electrodes,
but also from the synchronized activity patterns across brain regions. While the
current literature lacks extensive empirical evidence proving GNN superiority
over CNNs specifically for anxiety detection, this network-based approach holds
strong forward-looking potential for capturing the network-level dysregulation
characteristic of anxious states. For instance, in related affective computing
domains, Liu et al. [68] merged a Graph Convolutional Network (GCN) with
a BiLSTM in their DBGCN to integrate spatial topology with time-frequency
features. Their model showed significantly improved depression prediction accu-
racy. Guo et al. [87] developed a complex model, termed SAG-CET, combining
a GCN with a cross-EEG transformer to jointly model both inter-channel spatial
relationships and multiscale temporal features. They achieved state-of-the-art
performance on emotion recognition tasks. Although most commonly applied to
depression or emotion analysis, Tian et al. [88] demonstrated GNN’s utility for
unsupervised anomaly detection in EEG data, a technique with clear theoretical
potential for identifying neural dysregulation in anxiety disorders.

Autoencoders are primarily used for unsupervised feature learning. These
neural networks are trained to reconstruct their input, forcing them to learn a
compressed and salient representation of the data in a central bottleneck layer.
This means that the input to the autoencoder is the raw signal itself (e.g., a
segment of a GSR signal), and the output serves as a learned feature vector for

subsequent classification [62]. This learned representation can then be used as a
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powerful feature set for a simple classifier. Shikha et al. [89], in a broader review,
highlighted the use of a Stacked Sparse Autoencoder (SSAE) for unsupervised
feature learning from EEG, which was then fed to a Decision Tree to classify
anxiety levels. In a direct application, Al-Nafjan et al. [62] used a 14-layer
autoencoder to extract features from GSR signals. They found that a simple
kNN classifier using these autoencoder-derived features achieved an accuracy
of 98.2%, outperforming the same classifier trained on traditional statistical
features which achieved 96.9% and thereby demonstrating the superiority of

learned representations.

4. Comparative Analysis and Performance

Evaluating the performance of different anxiety detection methods is inher-
ently complex, as outcomes depend heavily on the dataset, the data modalities,
the validation methods employed, and the performance metrics reported. Al-
though many studies in the literature report high classification accuracies, a
direct comparison of them without considering their context can be misleading.
To facilitate a more nuanced and critical analysis, Tables 3 and 4 provide a
comparative summary of the primary studies identified through our systematic
literature search. These tables do not provide an exhaustive list of all pub-
lished studies, but rather a representative subset of high-quality research that
illustrates the performance of specific architectures, from traditional machine
learning pipelines to end-to-end deep learning systems, across various modali-
ties and experimental protocols.

A critical review of the findings summarized in Tables 3, 4 and 5 reveals

several important trends and considerations for the field.

4.1. The Challenge of Comparing Performance Metrics and Validation Schemes

A key observation from the tables is the considerable variance in reported
performance, with accuracies up to 99%. This variation often reflects differences
in experimental setup rather than the inherent superiority of any particular

model.
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Table 3: Comparative performance of selected anxiety and stress detection studies that used

traditional machine learning

Study Data  Modal- Dataset # Subjects Model Architecture Key Performance (Metric) Clinical Context / Limitations
(Ref) ity(s)
Traditional Machine Learning Approaches
Mubammad ~ EEG DASPS 23 * Features: PSD (Welch method), FFT. Best Metrics: ¢ Context:  Lab-based exposure therapy
et al. [19] (Public) ® Selection: Recursive Feature Elimination 4 2.Class (HAM-A labels): Accuracy:  (Psychological stimulation). Used HAM-A
(Wrapper). 94.90%, F-value: 0,93, Kappas 0.55. and SAM scales for ground truth.
« Classifiers Random Forest (RF) (Best per- o 4-Class (HAM-A labels): Accuracy: * Limitations: Small sample size (23); lim-
forming). Also tested SVM, MLP, kNN, g 749 Fvalue: 0.90, Kappa: 0.86. ited demographic (only 30 years old, one
DT. o Best Class Metrics (Severe Anxiety): ~ Cthnicity); consumer-grade headset (though
Precision: 0.96, Recall: 0.96. validated); only visual/auditory stimuli
used
Aldaveletal. EEG DASPS 23 « Features: DWT (Discrete Wavelet Trans-  Best Metries (RF + DWT | HAM-A * Context: Exposure therapy (Flooding) us-
8] (Public) form) performed best (better than PSD).  Jaels): ing visual stimuli. Compared subjective la-
o Classifier: Random Forest (RF) achieved o Acouracy: 87.50% bels (SAM) vs. clinical scale labels (HAM-
the highest results. They also tested En- 4 precision: 87.65% A). HAM-A was superior.
semble methods (AdaBoost, Gradient Bag- o Recall: 87.50% o Limitations: Class imbalance (required
ging) and standard ML (SVM, KNN, LDA). 4 AUROC (AUC): 08781 SMOTE), "Not yet ready for clinical use,"
o Kappa: 0.757 (Acc) individual variability in EEG signals.
Kang et al. ECG CLAS (Pri- 31 © Features: R-S peak, R-R interval, QT in- - Begt Metries: « Context: 4 emotional states (Picture, Mu-
58] vate) terval * Accuracy: 97.6% + Stroop, Math). Classifying Stress (lev-
o Classifier: Ensemble of SVM  Naive  pyocision: 97.5% -4) vs. Non-Stress (levels 1-2).
Bayes (SVM-NB) o Recall: 97.4% « Limitations: Focuses on short-term in-
o AUC: 97.9% duced stress; dataset limited to 31 subjects.
Sinche et al. ECG, PPC. Private 2 « Features: Time-domain (SDNN, RMSSD,  Best Metrics: « Context: Binary classification: "Stressed”
157] PNN50) + PAT features. o Accuracy:  9981% (Using All foatures:  (before an exam) vs. "Non-stressed" (after
o Classifier: SVM (SMO-RBF) performed  poG PP+ PAT). the exam). Validated using "Cognitive Test
best compared to Decision Tree (J48) and o Modality Comparison: PAT features alone  Anxiety Scale”
Vote meta-classifier. achieved 93.58% Ace: ECG alone 8451 © Limitations: Small sample size (20); fre-
PPG alone 64.14% quency domain analysis excluded; PPG sen-
sor (MAX30100) found less reliable than
ECG.
Vaz e al ECG,EDA EMG WESAD 5 o Preprocessing: Filtcring, Scgmentation.  Best Motrics (for ADB + SMOTE): « Context: Unlike other studies using WE-
156] (Public) o Features: RFECV (Recursive Feature o Aceuracy; 92.0% SAD, this study only used the "Neu-
Elimination). o Fl-score: 0,864 tral” baseline condition and classified anx-
o Data Balancing: SMOTE. ADASYN, |, precision: 0.875 ety based on STALS scores (Low/Mod vs
Borderline SMOTE 2. « Recall: 0.867 High).
o Classifier: AdaBoost (ADB) with SMOTE , Aycs: 0.061 o Limitations:  Small sample size (15);
achieved the highest Accuracy and F1 data imbalance (requires synthetic oversam-
(Random  Forest achieved the highest pling); "Neutral" state might be contami-
AUC) nated by anticipation of future stress tasks.
Dalmeida et ECG, PPG/Heart DRIVE-DB 27 (DRIVE- * Features: HRV (Time and Frequency do-  Best Metrics (Original ECG - GB ©® Context: Driving stress (Rest, Highway,
al. [51] Rate (Public), DB), 4  main). Model): Ciity).
Apple Wateh (Apple o Classifiers: Gradient Boosting (GB) and 4 AUROC: 085 « Limitations: "Stress is a subjective mental
Data  (Pri- Watch Data)  Random Forest (RF) performed best on the y Recall: 0.80 state"; original dataset used invasive sen-
vate) original ECG data. MLP performed best on 4 Flscore: 0.70 sors; private dataset had very small sample
the wearable-like ("modified”) data. Best Metrics (Wearable-like - MLP S (4).
Model):
© AUROC: 0.75
« Recall: 0.80
o Fl-score: 0.72
Al-Nafjan et GSR (EDA) WESAD 15 © Features: Statistical features. Best Metrics (Autoencoder + KNN): ¢ Context: Binary classification: Stress vs.
al 62] (Public) « Classifiers KNN (i-Nearest Neighbor) per- o pccuracy: 96.90% Non-Stress (Neutral + Amusement).
(better than SVM and RF). | pyecision: 96.90% « Limitations: Small dataset (15 subjects);
. Used SMOTE. « Recall: 96.90% Single modality (GSR only); Reliance on
« Fl-score: 96.90% SMOTE for balancing (potential synthetic
bias)
Park et al. A: HR (Heart Private 25 o Features:  Statistical features (A) +  Best Metrics (CATBoost):  Context: VR Exposure Therapy (Self-
[10] Rate), GSR (SAD  Pa- €GeMAPS (B). + K-SPS - Social Phobia Scale: AUROC: ~ intro task). Predicting "Severe" (top ter-
(Galvaic  Skin tients) o Classifiers: CatBoost and LightGBM per- 50 tile) vs "Non-severe” symptom groups.
Response).  Bs formed best. Also tested Random Forest o PERS - Rumination: AUROC: 0866 ® Limitations: Small sample size (25); spe-
Voice  recordings and XGBoost. A Only (LightGBM for STAI-Trait):  cific demographic (young, educated Ko-
(88 AUROC: 0.819 reans); potential overfitting due to small
foatures). C: Com- data; lack of HRV analysis (HR sampled
bination of both. <100Hz),
Inmig et al. ECG,EDA, RSP Private 57 o Features: Statistical features (time do-  Best Metrics (2-Level - Bagged Trees ¢ Context: Spider-phobia  exposure
43] (Spider- main) - SB labeling): (VRET). Real-time detection (10s window)
fearful) o Classifier: Bagged Trees (Ensemble) per- o Accuracy: 89.8% for "closed-loop" biofeedback.
formed best. o Limitations: Subjective labels may con-
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Table Note: In this table, "Features” refers to the specific physiological, statistical, or

engineered variables extracted from the raw signals before classification.

"Best Metrics”

denotes the highest, performance scores achieved by the optimal model configuration reported

in the respective study.

* Kappa: 0.78

Best Metrics (3-Level — Bagged Trees
+ SB labeling):

© Accuracy: T4.4%

© Kappa: 0.50

tain noise; RSP signals found not useful

single specific phobia.type.



Table 4: Comparative performance of selected anxiety and stress detection studies that used

deep learning approaches.

Study Data  Modal- Dataset # Subjects Model Architecture Key Performance (Metric) Clinical Context / Limitations
(Ref) ity(s)
Deep Learning Approaches
Ahmed et al.  EEG Private a5 o Features: PSD and Functional Comnectiv- Bt Metrics: « Context: Diagnosis of 6 main and 9 spe-
651 ity (FO) o 98.91% Accuracy for Acute Stress Disorder  Cific psychatric disorders (including Anxi-
o Classifiers:  Compared  ANN, KNN, (g KNN or LSTM on specific band fea- €% OCD, PTSD, Adjustment Disorder).
LSTM, BI-LSTM, and CNN-LSTM tures) « Limitations: EEG data collected from fi-
 96.83% Accuracy for Adjustment Disorder  1ite subjects; potential comorbidity overlap
NN-LSTM). not fully captured; controlled environment
(not real-world).
Roy et al EEG STEW 8 o Preprocessing: DWT (Discrete Wavelet  Begt Metries (CBGG Model): « Context: Stress vs. Relaxed state classifi-
19] (Public) Transform) for decomposition/denoising. o Accuracy: 95.10% cation.
« Features: CNN (1D) + Precision: 98.27% « Limitations: "Complex" DL model with
* Classifier: Hybrid CBGG (NN + Bil-  Sengitivity (Recall): 95.08% significant parameter tuning required; high
STM + 2 GRU layers) o Specificity: 97.76% running time.
 Comparison: Compared against CNN- 4 F1_Score: 98.20%
RNN, CNN-LSTM, CNN-GRU, CBRR,
CBLL.
Kim et al EEG, GSR Private 20 o Features: Spectrograms (Grayseale images Best Metrics (Multi-column ResNet- ® Context: VR-based mock interview to in-
81] from time series) 50): duce social stress. "Daily life" use-case with
o Classifiers: Compared 5 CNN « AUROC: 0.954 unobtrusive sensors.
50, ResNet-152, Efficient Net-b0, Densc: o Accuracy: « Limitations: Small dataset (30 subjects)
161, Inception-vd) and a Vision Trans o Recall: 88.7% only I-channel BEG used (less spatial info);
former (ViT). « Precision: 92.8% specific stressor (interview) may not gener-
 Best Model: Multi-colunn ResNet-30 o B1_Score: 0,898 alize to all daily stress.
(combining EEG and GSR featurcs).
Tanwar et al. ECG, EMG, EDA, WESAD 15 Features/Classification: ~ Hybrid CNN- Best Metrics (Stress Class): o Context: 3-class classification (Baseline,
[80] ete. (Public) LSTM (2D CNN layers followed by LSTM lay- e Accuracy (Overall): 90.20% Stress, Amusement). Used chest-worn data.
ers). « Precision: 90.57% (RespiBAN) as it provided better results
 Recall: 90.39% than wrist-worn.

o Flascore: 90.39% o Limitations: Small datasct (15 subjects):;
computational complexity of decp learning
models.

Kang et al. ECG ST Change 15 (ST Peatures: Spectrograms (Time & Fre Begt Metrics (Frquency Domain En. © Context: Stress vs. Non-stress classifica-
172 Database,  Change), 15 duency domain images). semble): tion using ECG spectrograms

WESAD (WESAD) Classifier: Ensemble of CNN-LSTM mod- o Accuracy: 98.3% o Limitations: Data augmentation used

els. « Sensitivity (Recall): 100% to increase sample size (potential over-

o Specificity: 96.7% fitting  risk);  complex preprocessing

« Precision: 96.6% (FFT/Spectrogram conversion).

Masuda et 0G, EMG, DEAP (Pub- 32 Features Classification: Multi-Input  Best Metrics (Multi-Input CNN-LSTM, * Context: Classifying Fear levels (No, Low,
al. [70] ete. lic) CONN-LSTM Alevel Fear): Medium, High). Fear defined by VAD quad-

o Accuracy: 98.79% rants (Low Valence, High Arousal, Low

 Fl-Score: 99.01% (Acc) Dominance).

« Limitations: "Subjective labeling" (relied
on self-reports); DEAP is not specific to fear
(music videos); performance dropped signif-
icantly in user-independent (LOSO) valida-
tion without calibration.
Behinaein et ECG WESAD 15 (WE- Features/Classification: End-to-end CNN  Best Metrics (WESAD, LOSO with 10% ¢ Context: Stress vs. Non-stress. End-to-
al. [83] (Public), SAD) 25+ Transformer Encoder. Fine-Tuning): end learning from raw ECG.
SWELL-KW  (SWELL- o Accuracy: 91.1% « Limitations: LOSO performance without
KW) o Fl-Score: 83.3% fine-tuning was lower (80.4% Acc); requires

Best Metrics (SWELL-KW, LOSO with  Stbject-specific calibration (fine-tuning) to

10% Fine-Tuning): achieve SOTA results.

o Accuracy: T1L6%

o Fl-Score: 74.2%

Arjun et al. EEG DEAP (Pub- 32 Features/Classification: ~ Vision Trans- Best Metrics (Raw EEG, 6s window): ~ ® Context: 2-class classification (High,/Low
[84] Tic) former (ViT) o Valence Accuracy: 99.4% Valence, High/Low Arousal). "Raw signal

Table Note: In this table, “Foatures” refers to the specific physiological, statistical, or

engineered variables extracted from the raw signals prior to classification. "Best Metries”

denotes the highest performance scores achieved by the optimal model configuration reported

in the respective study.
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 Arousal Accuracy: 99.1%

Best Metrics (CWT Images, 6s win-
dow):

 Valence Accuracy: 97%

* Arousal Accuracy: 95.75%

approach surprisingly performs much better
than CWT."

o Limitations:  ViT requires large

data/resources;  DEAP is not specific

to clinical anxiety (music videos); results
are on very short windows (6s) which may
boost accuracy but have lower clinical

interpretability.



Table 5: Comparative performance of selected anxiety and stress detection studies that used

deep learning approaches- continued

Study Data  Modal- Dataset # Subjects Model Architecture Key Performance (Metric) Clinical Context / Limitations
(Ref) ity(s)
Deep Learning Approaches
Guo et al EEG DEAP, 32 Features/Classification: SAG-CET (Cas- Best Metrics (DEAP  (Subject- * Context:  Emotion recognition (Va-
187] DREAMER  (DEAP), 23 cade Scale-aware Adaptive Graph Convolu- Dependent)): lence/Arousal).  Investigates multiscale
(DREAMER) tional Network and Cross-EEG Transformer) e Valence Accuracy: 98.89% (temporal) and  multichannel  (spatial)
o Arousal Accuracy: 98.92% interactions.
Best Metrics (DREAMER (Subject- ® Limitations: Experiments were subject-
Dependent)): dependent (trained and tested on the same
« Valence Accuracy: 99.08% subjects), so generalization to new subjects
o Arousal A 21% is unknown; binary classification only.
AlNafjan ot GSR (EDA) WESAD 15 o Features: I4layer Autoencoder (AUt~ Best Metrics (Autoencoder  KNN):  ® Context: Binary classification: Stress vs.
al. [62] (Public) matic features) o Accuracy: 95.20% Non-Stress (Neutral + Amusement).
o Classifier: KNN (k-Nearcst Neighbor) per- o Precision: 08.20% « Limitations: Small dataset (15 subjects)
formed best (better than SVM and RF) o Recall: 98.20% Single modality (GSR only); Reliance on
« Balancing: Used SMOT « Fl-score: 98.20% SMOTE for balancing (potential synthetic
bias)
Joshi et al EEG DASPS, Pric 23 (DASPS), * Features: Higher Order Statistics (HOS) - Best Metrics: « Context: Exam stress (Pre-cxam vs Post-
1) vate 50 (Private)  Specifically Third Order Cumulants (TOC). y DASPS Database: Accuracy: S7% exam). Single channel EEG (Fpl).
« Classifier: BILSTM « Private Database: Accuracy: 98% « Limitations: Single channel may lack spa-
tial resolution; limited physiological signals
(only EEG); private dataset demographics
limited to students (15-20 years).
Ebrahimpour  ECG Private 0 o Preprocessing:  Continuous  Wavelt  Begt Motrics (ResNet50, 55 segments);  * Contexts PTSD diagnosis (DSM-5 crite-
et al. [78] Transform (CWT) to generate Scalograms o A ccuracy: 94.92% via). Time-frequency analysis of ECG.
(Time-Frequency images) o AUC: 0.991 « Limitations: Small sample size (40); ret-
« Classifier: ResNet50 o MCC: 0.8083 rospective study; binary classification only
« Fl-Score: 94.89% (did not distinguish from other comorbidi-
« Precision: 05.45% ties like depression).
© Recall: 94.33%
ALEzzictal. EEG Private S8 « Features: Effective Connectivity (EC) US- Best Metries (ONN4LSTM for 3-class * Context: Resting-state EEG. Classifying
J66] ing Patial Directed Coherence (PDC) from  §AD | HC): severity (Mild, Moderate, Severe) vs Con-
DMN regio o Average Accuracy: 93% trol.  Focus on Default Mode Network
¢ Classifier: CNN + LSTM o Specific Class Accuracies: Severe (92.86%),  (PMN)-
Moderate (92.86%), Mild (96.43%), HC * Limitations: Small input feature size led
(89.20%). to overfitting (addressed with early stop-
o Average Sensitivi ping): high density EEG recommended for
 Average Specificity: 95% future
 Average Precision: 86%
Ghonchi et EEG DASPS 2 Features/Classifier: Spatio-temporal con- Best Metrics:  Context: Anxicty detection using DASPS.
al. (2024) (Public) version (11x11 scalp maps) + Hybrid CNN- e 2-Class (Binary - Normal vs Anxious):  Scalp map generation allows preserving spa-
73] LSTM + SE Attention Accuracy: 94.24% (200ms window) tial info.
o 4-Class (Normal, Light, Moderate, * Limitations: Small datasct; class imbal-
Severe)s Accuracy: 92.58% (200ms win-  ance in -class scenario sliding window size
dow). affects performance (200ms optimal).
Ghonchi et EEG DASPS 2 Classifier: MVCA-Net (CNN+ Attention)  Best Metrics:  Context: Focuses only on frequency do-
Al (2025) (Public) o 2-Class (Binary): Accuracy: §2.94% main features (unlike their previous spatio-
179 o 4-Class: Accuracy: 74.05% temporal work [73]).
« Runtime: Very fust (Epoch time: Ssvs 705 ¢ Limitations: Lower accuracy than their
for their previous method [73]). previous CNN-RNN work [73] (94.24%),
but significantly faster/more efficient; rc
solely on frequency features, missing spa-
tial /temporal relationships
Table Note: In this table, "Features” refers to the specific physiological, statistical, or
engineered variables extracted from the raw signals prior to classification. "Best Metrics’

denotes the highest performance scores achieved by the optimal model configuration reported

in the respective study.
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Firstly, the choice of performance metric is crucial. Although accuracy is
the most commonly reported metric and most of the researchers rely on this
metric, it can be highly misleading in clinical contexts where class imbalance
(i.e., fewer anxious than non-anxious samples) is a common problem. A model
could achieve 90% accuracy simply by always predicting the majority class. For
this reason, metrics like the Fl-score, which represents the harmonic mean of
precision and recall, and the Area Under the Receiver Operating Characteristic
Curve (AUROC or AUC), are more robust indicators of performance. The
emphasis placed on Fl-score by Vaz et al. [56] and on AUROC by Park et
al. [10] and Kim et al. [81] represents a move towards more rigorous and
clinically relevant evaluation. Furthermore, recent studies have adopted even
more robust metrics for imbalanced clinical data. For instance, Muhammad et
al. [19] reported a Kappa score of 0.88 to account for chance agreement, while
Ebrahimpour et al. [78] utilized the Matthews Correlation Coefficient (MCC)
to validate their high accuracy of 94.92%. The lack of an acceptable set of
reporting metrics remains a significant barrier to fair comparison across studies.

Secondly, the validation methods dramatically affect reported outcomes.
The highest performances, such as the accuracies above 98% as reported by
Kang et al. [72], and Roy et al. [49], are often achieved on smaller, private
datasets using a subject-dependent or intra-subject validation model. In this
method, the model is trained and tested on data from the same pool of individ-
uals (e.g., using k-fold cross-validation where splits can contain data from the
same person in both train and test sets). While this demonstrates that a model
can effectively learn an individual’s unique physiological patterns, it does not
guarantee that it will work on a new, unseen person. In contrast, studies using
a more stringent subject-independent validation, such as leave-one-subject-out
cross-validation, where the model is tested exclusively on data from individuals
not seen during training, tend to report more modest, and likely more realistic,
accuracies [83, 56]. This highlights a significant generalizability gap between
what is achievable in a personalized setting versus a general population screen-

ing tool.
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4.2. Performance Across Modalities and the Rise of Multimodal Fusion

Single modality systems can demonstrate high effectiveness in controlled set-
tings. For instance, Al-Nafjan et al. [62] reported over 96% accuracy using only
GSR features from the WESAD dataset. However, such systems often lack the
robustness necessary to address the complexities of real-world scenarios. A sin-
gle signal can be contaminated by noise or influenced by non-anxious confounds
(e.g., physical activity raising heart rate).

The superiority of multimodal approaches stems from two primary mecha-
nisms, complementarity and robustness, as discussed in recent papers on this
topic [11, 15]. Physically, anxiety involves a synchronized activation of both the
CNS and ANS. Multimodal fusion captures this full picture. For instance, EEG
captures the cognitive state (e.g., worry), whereas EDA reflects the correspond-
ing physiological arousal. This complementary information prevents the model
from misinterpreting a high heart rate caused by physical exercise as an anxi-
ety attack. Furthermore, advanced deep learning fusion techniques, particularly
those incorporating attention mechanisms, enhance robustness by dynamically
learning to weight different modalities [81]. If one signal (e.g., ECG) becomes
corrupted by motion artifacts, the network can learn to down-weight its con-
tribution and rely more heavily on stable features from another stream (e.g.,
EDA), effectively mitigating noise.

Common fusion strategies include early fusion, late fusion, and hybrid fu-
sion. Early fusion concatenates feature vectors from multiple modalities prior
to classification. Late fusion aggregates the outputs or probabilities produced
by independent classifiers. Hybrid fusion combines multimodal representations
at intermediate layers of a deep network [11]. While adding modalities generally
improves performance, it is not always the case that “more is better”. It should
be noted that increasing the sensor numbers introduces higher computational
costs, battery drain, and points of failure. Therefore, the goal is to identify the
minimal optimal set of modalities that maximizes clinical utility.

Direct comparative studies and systematic surveys provide rigorous support

for the superiority of multimodal fusion. For instance, in their comprehensive
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review of deep learning approaches, Kyrou et al. [11] concluded that multimodal
frameworks consistently outperform unimodal ones across diverse datasets. By
combining information from different physiological data, these models create a
more holistic and reliable representation of an individual’s state.

Another way to categorise fusion models comes from the origin of the signals
being used. In peripheral fusion, models combine multiple autonomic nervous
system signals, such as ECG, EDA, and respiration. For instance, Vaz et al. [56]
conducted a comprehensive analysis on the WESAD dataset and demonstrated
that a multimodal model combining ECG, EDA, and EMG achieved a high
accuracy of 92.0% and an AUC of 0.980, consistently outperforming single-
modality baselines. This reinforces findings by Tanwar et al. [80], confirming
that the combination of cardiac and electrodermal data leads to better stress
classification performance compared to any single stream alone.

The second category, Central + Peripheral Fusion, represents a more ad-
vanced approach, combining brain activity from EEG with peripheral signals.
Multiple studies confirm the efficacy of this synergy. The study performed by
Kim et al. [81] is a landmark in this field. Their multi-column CNN fus-
ing EEG and GSR data significantly outperformed models trained on either
modality alone, achieving an outstanding AUROC of 0.954. Similarly, Guo et
al. [90] demonstrated that fusing EEG with eye movement data using nonlin-
ear correlation analysis yielded higher classification accuracy than using EEG
features alone. These findings suggest that the ultimate goal for anxiety de-
tection should lie in simultaneously capturing the cognitive state via EEG and
the body’s arousal response via peripheral signals. However, implementing this
approach in real-world settings poses significant challenges. Traditional EEG
is limited by lengthy setup times and susceptibility to motion artifacts. The
emergence of consumer-grade, low-channel devices such as dry-electrode head-
bands or in-ear EEG offers a practical pathway for translating this powerful

multimodal approach to ambulatory monitoring.
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4.8. The Ascendancy of Deep Learning: From Feature-Based to End-to-End
Systems

Although traditional machine learning pipelines built on hand-crafted fea-
tures remain highly accurate and offer greater interpretability [56, 19], the per-
formance ceiling and methodological innovations are increasingly shifting to-
wards deep learning. Rather than a singular shift to end-to-end learning, this
transition encompasses a spectrum of approaches that minimize, transform, or
entirely eliminate the need for manual feature engineering.

It is crucial to distinguish between these operational frameworks when eval-
uating performance. Many highly successful models employ feature-based deep
learning. For instance, Ahmed et al. [65] applied CNN-LSTMs to Power Spec-
tral Density (PSD) and functional connectivity features, while Al-Ezzi et al. [66]
achieved high accuracy using Partial Directed Coherence (PDC) features. A sec-
ond prevalent approach is representation-based hybrid learning, where raw sig-
nals are transformed into structured inputs to exploit specific network strengths.
This is evident in hybrid CNN-LSTM architectures [80, 70] that learn from gen-
erated representations like ECG spectrograms [72] or EEG scalp maps [73].

Finally, strict end-to-end learning bypasses explicit feature extraction en-
tirely. Advanced architectures, such as Transformer models with their attention
mechanisms, have shown the ability to achieve high performance on raw 1D
ECG signals with minimal preprocessing (e.g., Behinaein et al. [83]), relying on
the network to discover the most discriminative biomarkers directly from the
source data.

Furthermore, unsupervised deep learning offers a compelling solution to the
feature engineering bottleneck. The work of Al-Nafjan et al. [62] and Shikha
et al. [89] demonstrated that Autoencoders can learn more potent feature rep-
resentations from raw GSR and EEG data than traditional statistical meth-
ods. The fact that a simple kNN classifier achieved higher accuracy with these
learned features is a powerful testament to their quality. This trend suggests
a future in which the reliance on domain-specific signal processing knowledge

may be reduced, as models become increasingly capable of discovering the most
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discriminative biomarkers directly from the source data.

5. Discussion: Synthesis, Challenges, and Implications

The comprehensive review and comparative analysis of the literature reveal
a field of research that is both rapidly advancing and fraught with significant
challenges. While the potential for Al-driven anxiety detection is clear, a critical
discussion of the key findings and persistent obstacles is necessary to chart a

path toward clinical translation.

5.1. Principal Findings: A Synthesis of Anziety’s Biosignatures

Reviewing diverse methodologies and datasets leads to finding a remarkable
set of physiological signatures for anxiety.

A remarkable set of physiological signatures emerges from the models we
have discussed. These biosignatures, which can both be identified by traditional
feature engineering and implicitly learned by deep learning models, are different
windows into the same integrated psycho-physiological stress response. They
form the foundation of all automated detection efforts.

The most consistent neural correlate of anxiety identified in EEG is a marked
shift in spectral power: a decrease in alpha band (8-12 Hz) power, particularly
in frontal and prefrontal regions, accompanied by a significant increase in beta
band (12-30 Hz) power [16, 17]. A distinct transition from the state of quiet,
resting awareness or internal focus to anxiety is reflected by a neurophysiolog-
ical shift from alpha band oscillation, which facilitates internal focus, to beta
oscillation, which underpins cortical arousal and cognitive hypervigilance. Ad-
ditionally, evidence indicates that other underlying dynamics also contribute to
this neurophysiological transition. For instance, Peddi et al. [91] reported that
an increase in theta band (4-8 Hz) connectivity correlates with PTSD severity.
Their finding suggested that the state transition mechanism is characterized by
modulation in network information exchange, rather than alterations in abso-
lute power. Furthermore, changes in frontal alpha asymmetry have been linked

to anxiety reduction [91, 92, 93]. This distinct spectral shift explains the his-
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torical success of frequency-domain features such as PSD combined with non-
linear classifiers. However, the complex topological dependencies—specifically
the functional connectivity between brain areas and the asymmetry across hemi-
spheres—are arguably better captured by deep learning models like CNNs and
Graph Neural Networks, which can learn these spatial patterns without manual
feature extraction [81, 87].

In the context of the heart and circulatory system, as ascertained by means
of ECG, one characteristic observation is that the reduction of Heart Rate Vari-
ability accompanies anxiety states. HRV is a measure of autonomic nervous
system adaptability; lower HRV indicates a less adaptive and physiologically
inflexible state. This observation suggests a shift from the restorative parasym-
pathetic ("rest-and-digest”) activity toward sympathetic (“fight-or-flight”) domi-
nance. This shift constitutes the physiological signature of an organism prepar-
ing for a perceived threat. Various conventional measures can quantify the
reduction in HRV. Time-domain measures, such as SDNN, defined by the stan-
dard deviation of NN intervals, and RMSSD, defined as the root mean square
of successive differences, are uniformly found to be lower in individuals with
anxiety [94]. SDNN reflects the overall variability, whereas RMSSD primarily
indexes short-term, vagally mediated variability. In the frequency domain, the
dominance by the sympathetic system is often signaled by an increase in the
LF/HF ratio, indicating a rise in sympathetic tone; yet its particular meaning
remains the focus of current debate within the academic literature [24]. The
temporal evolution of these HRV metrics highlights why RNNs and LSTMs,
with their internal memory mechanisms, have consistently outperformed static
classifiers in detecting anxiety using cardiac signals, as they can effectively model
the time-dependent dynamics of autonomic regulation [80, 67].

EDA has been called a direct and clear measure of sympathetic nervous
activity. It offers a very robust biosignature for anxiety-related arousal. The
signature is two-fold. First, individuals with anxiety tend to exhibit an elevated
tonic SCL, indicating a persistently heightened state of physiological arousal

that fails to recover promptly when a stimulus has been removed [24]. Second,
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they tend to have more repeated and elevated phasic SCRs. These are transient
peaks in skin conductance that correspond to discrete emotional or cognitive
events, such as moments of worry, rumination, or reaction to a stressor [95].
Because these phasic bursts are sporadic and event-driven, traditional statistical
features may fail to capture their full complexity. This limitation drives the
success of unsupervised deep learning methods, such as Autoencoders, which
have been shown to learn more discriminative representations from raw EDA
signals compared to hand-crafted features [82].

In summary, findings from EEG, ECG, and EDA represent interlocking com-
ponents of a unified physiological response. An anxious thought or perception,
reflected in elevated EEG beta power, triggers a coordinated arousal command
from the brain that activates the sympathetic nervous system. This in turn
drives the heart into a faster, more regular rhythm, triggering a reduced HRV,
while simultaneously activating the sweat glands, as reflected by increased EDA.
The most successful Al models, particularly multimodal fusion techniques, are
implicitly or explicitly learning to detect this synchronized, multi-system phys-

iological signature of anxiety.

5.2. Grand Challenges and Open Questions

Despite promising results from laboratory settings, the translation of these
AT models into effective and trusted real-world clinical tools is hindered by
several major and unsolved challenges.

First and foremost are dataset limitations and the generalizability problem,
which is further exacerbated by the field’s growing shift from controlled labo-
ratory protocols to ambulatory, in-the-wild contexts. As highlighted in Tables
3 and 4, the vast majority of current research relies on public datasets such as
WESAD or DEAP, which are collected in highly controlled environments, apply
standardized stress elicitation paradigms, and typically involve fewer than 50
healthy participants. However, real-world anxiety monitoring involves physical
movement and unscripted interactions, introducing significant noise into neural

and physiological recording. In particular, motion artifacts in ECG and PPG
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signals and electrode instability in EEG severely degrade model performance
outside controlled laboratory settings [7, 11]. Consequently, models trained on
clean, stationary data frequently fail to generalize to the noisy and dynamic
conditions encountered in daily life. This generalizability gap remains a criti-
cal barrier to clinical utility. Indeed, this challenge is not unique to anxiety; a
comprehensive meta-analysis on major depressive disorder also found evidence
of publication bias and a negative correlation between sample size and reported
accuracy, suggesting that findings from smaller, controlled studies may not gen-
eralize to larger, more heterogeneous clinical populations [96].

A second major obstacle concerns confounding variables and specificity. A
core challenge is that the physiological signatures of anxiety are not unique.
The body’s arousal response is generic. Physical exercise, drinking caffeine, ex-
periencing positive excitement, or engaging in high cognitive load can all lead
to increased heart rate, higher beta brainwave activity, and increased sweat-
ing. In these cases, signals are indistinguishable from an anxiety response when
viewed in isolation. Furthermore, the context of the stress-eliciting stimuli sig-
nificantly modulates the physiological response. Prior research indicates that
social evaluative threats (e.g., public speaking in the Trier Social Stress Test)
tend to elicit distinct and often more intense autonomic patterns compared to
purely cognitive challenges (e.g., the Stroop test) [15]. This creates a high risk
of false positives, which could lead to unnecessary user distress or inappropri-
ate interventions. Therefore, a grand challenge for the field is distinguishing
anxiety-related responses from non-emotional arousal. How can models learn to
differentiate between a panic attack and jogging up a flight of stairs? The inte-
gration of contextual sensors, such as accelerometers to detect motion or GPS
to understand a user’s environment, is a promising direction, but sophisticated
and reliable sensor fusion techniques are still in their infancy.

A third drawback is the black box problem, which describes the fact that
models or feature engineering pipelines are not explainable, resulting in a need
for Explainable AT (XAI). Additionally, despite gains in accuracy, increasing

complexity in deep learning models is accompanied by a loss of interpretabil-
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ity. For a technology to be adopted in a high-stakes domain like healthcare, it
must be trustworthy, and trust requires understanding. A clinician will not, and
should not prescribe treatment or alter a care plan based solely on an AI’s out-
put without understanding the rationale behind its application. For example,
was the anxiety prediction based on a subtle change in HRV, a spike in EDA,
or a specific EEG pattern? Such justification is essential for clinical decision-
making, accountability, and troubleshooting erroneous predictions. The integra-
tion of Explainable Al techniques is therefore not optional but a necessity for
clinical translation. Methods such as SHAP (Shapley Additive exPlanations)
or attention maps, which can highlight the features or signal segments most
influential in a given prediction, must become a standard part of the model
development and validation process. Furthermore, developing computationally
efficient architectures, such as the frequency-focused MVCA-Net, is also crucial,
as it reduces the computational resources required for training and allows for
faster iteration on developing and evaluating XAI capabilities [79].

Finally, the development of technology capable of inferring mental states
raises substantial ethical considerations that must be addressed proactively.
These responsibilities include: i) data privacy and security, which represent
a central ethical concern, particularly with respect to how highly sensitive per-
sonal health data are stored, protected, used, and de-identified. The risk of mis-
use and unauthorized access is significant and must be carefully mitigated; i7)
algorithmic bias, whereby insufficient demographic diversity in training datasets
may lead to a reduced model accuracy for underrepresented groups, potentially
exacerbating existing health disparities; and #i4) iatrogenic effects, wherein con-
stantly monitoring by an anxiety detector may paradoxically increase a user’s
anxiety, leading to a harmful feedback loop of hypervigilance and misinterpreta-
tion of normal physiological variations. Developing clear principles for responsi-
ble AI in mental health is a critical parallel research trajectory that must evolve

alongside the technology itself.
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5.8. From Classification to Comprehension: The Path Toward Personalized In-
tervention

The vast majority of studies reviewed in this paper, from traditional SVMs
to advanced Transformers, focus on the core technical task of classification, re-
ferring to detecting the presence or severity of anxiety within a discrete, short
time window. While demonstrating the feasibility of identifying anxiety’s biosig-
natures is a crucial initial step, a purely classification-centric approach does not
fully address the complex demands of clinical practice, which requires a deeper
comprehension of an individual’s condition. The future of this field lies in mov-
ing beyond simple detection toward a more holistic understanding.

A key limitation of many current models is their inability to differentiate
between the physiological manifestations of different anxiety disorders or their
varying levels of severity. For example, are the explosive, acute physiological sig-
natures of a panic attack fundamentally different from the chronic, free-floating
hyperarousal of GAD? While this remains an open question, emerging research
is increasingly demonstrating the feasibility of anxiety subtyping and severity
grading. The ability of some models, such as the spatio-temporal CNN-RNN
proposed by Ghonchi et al. [73], to achieve accuracy above 92% in distinguish-
ing between four different levels of anxiety on the DASPS dataset represents a
foundational step in this direction. This is further supported by the work of
Luo et al. [46], who successfully classified GAD into four severity levels, in-
cluding healthy, mild, moderate, and severe, using a CatBoost model trained
on EEG connectivity features, and by the work of Al-Ezzi et al. [82], who used
a hybrid CNN-LSTM to distinguish between four levels of SAD with 92.86%
accuracy. These studies demonstrate that discernible, classifiable patterns exist
not only between anxiety and non-anxiety states but also across different levels
of symptom severity.

The ultimate goal of this progression is to develop a rich, longitudinal digital
phenotype of a patient’s anxiety. Such a phenotype would provide a dynamic,
moment-by-moment quantification of an individual’s condition, derived from

multimodal sensor data collected over an extended period of weeks or months.
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Such a profile would track not only the presence of anxiety but also its in-
tensity, duration, frequency, and environmental context, offering clinicians a
unique, objective insight into the patient’s lived experience between traditional
clinical appointments. To realize this vision, the field must embrace personal-
ized modeling approaches, such as subject-specific domain adaptation. These
techniques calibrate algorithms to an individual’s unique physiological baseline,
overcoming the limitations of one-size-fits-all population models that often fail
to account for inter-subject variability [12].

Deep insight into this topic is a necessary step toward unlocking this technol-
ogy’s true potential, enabling person-centered, just-in-time adaptation interven-
tions (JITAIs). An entity with knowledge of a person’s particular anxiety profile
might switch from passive monitoring to active management. For instance, it
might induce a brief mindfulness exercise immediately before an anticipated
stressful event, such as giving a public speech, offer real-time biofeedback to
regulate breathing during periods of heightened physiological arousal, or recom-
mend therapeutic support if a prolonged anxious state is detected. The above
is representative of the ultimate summit of clinical application in the field—not
simply to detect anxiety, but also to use that detection to actively and individu-
ally manage its effects. In this manner, the rich, complicated world of Al-based
anxiety detection can be seen as an interplay of detecting key biosignatures,
new computation methods, significant impediments that thwart progress, and
future directions that frame the discipline. The four key parts of this world
are schematically shown in Figure 1, which provides a conceptual map of the

current status and future trajectory of this research field.

6. Conclusion and Future Outlook

This systematic review has charted the landscape of artificial intelligence
for anxiety detection, highlighting a vibrant and rapidly evolving field that sits
at the critical intersection of computational science, physiological sensing, and

clinical need. The research overwhelmingly confirms that anxiety manifests
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Figure 1: A synthesis of the landscape of Al for anxiety detection. This figure summarizes
four core pillars of the field reviewed in this paper. It illustrates the primary data modalities
and their key physiological biomarkers, the main computational methods used for analysis,

the grand challenges that currently limit clinical translation, and the key future directions
required to move the field forward.



through a consistent and measurable set of biosignatures spanning the central
and autonomic nervous systems, including changes in EEG spectral power, re-
ductions in heart rate variability, and increases in electrodermal activity. Al
models, particularly deep learning architectures like hybrid CNN-LSTMs and
Transformers, have proven remarkably effective at detecting these signatures in
controlled settings, often with high accuracy.

However, despite these technical successes, the field is at a crucial inflection
point. The translation from laboratory-based proof-of-concept to real-world
clinical application is hampered by significant challenges, most notably the lack
of large-scale, clinically-validated datasets, the problem of confounding physi-
ological states, and the black box nature of complex models. The promise of
this technology will only be realized if the research community pivots to address
these hurdles directly. To that end, the future of the field should be guided by

three key directions as outlined below.

1. Methodological Innovation in Data Science and Generalization:
current models often lack robustness when moved from one scenario to an-
other. To address this, future algorithms must demonstrate cross-context
generalization which is the ability of detecting anxiety across diverse con-
texts (e.g., applying a model trained on public speaking to a driving
scenario). The success of this endeavor will also yield insights into the
key, consistent features of anxiety, fostering a productive bidirectional
exchange between computational and psychological science. Researchers
should prioritize computational techniques like Domain Adaptation and
Transfer Learning to bridge the generalization gap. Furthermore, the limi-
tations of centralized datasets must be overcome through Federated Learn-
ing, allowing models to train on multi-institutional data without compro-
mising privacy, alongside sophisticated multimodal fusion to intelligently

weigh data streams against environmental noise.

2. A Shift Towards Efficient, Longitudinal Monitoring: The focus

must evolve from detecting short-term anxious states to longitudinal moni-
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toring that captures the dynamic nature of anxiety over weeks and months.
The goal is to construct a digital phenotype for each individual. However,
continuous monitoring generates massive data streams that strain wear-
able batteries. To address the challenge of computational efficiency, future
research must prioritize the development of lightweight model architec-
tures (e.g., TinyML, model compression, or quantized neural networks).
These techniques allow complex deep learning models to run directly on
low-power edge devices ("on-chip"), enabling real-time, privacy-preserving

inference without the latency of cloud offloading.

3. Rigorous Clinical Validation and Integration: To overcome the
black box trust barrier, the field must prioritize Explainable AI along-
side formal clinical validation. Success is measured not just by accuracy,
but by impact on patient outcomes. Future work must move beyond
benchmark datasets to conduct Randomized Controlled Trials (RCTSs)
that prove these systems can improve diagnostic accuracy and treatment
efficacy in real-world settings. Additionally, researchers must focus on
the human-computer interaction aspects, ensuring Al tools provide inter-
pretable insights that support, rather than replace, the clinical judgment

of healthcare professionals.

In conclusion, Al-driven anxiety detection is no longer a theoretical possibil-
ity but an emerging technological reality. By focusing on building robust, gener-
alizable, explainable, and clinically validated systems, the research community
has the potential to transform anxiety assessment from a subjective, episodic
art into an objective, continuous science, ultimately providing profound benefits

to the millions of individuals affected by these debilitating conditions.

Appendix A. Summary of common anxiety questionnaires
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Table A.6: Summary of Common Anxiety Questionnaires

Questionnaire Items Approx. Focus

Time
Generalized Anxiety Disorder-7 | 7 2-3 minutes Screening and severity of generalized
(GAD-7) anxiety symptoms
Hamilton Anxiety Rating Scale | 14 10-15 minutes Clinician-rated assessment of anxiety
(HAM-A) symptom severity
Beck Anxiety Inventory (BAI) 21 5-10 minutes Intensity of somatic and cognitive anx-

iety symptoms

State-Trait Anxiety Inventory

40 (20 state,

10-15 minutes

Distinguishes between current (state)

(STAI) 20 trait) and general (trait) anxiety
Anxiety Symptoms Question- | 17 5-10 minutes Frequency and intensity of anxiety
naire (ASQ) symptoms
Social Anxiety Disorder Severity | 10 3-5 minutes Severity and monitoring of social anxi-
Measure (Adults) ety disorder
Zung Self-Rating Anxiety Scale | 20 5-10 minutes Self-perceived anxiety levels, including
(SAS) somatic and cognitive symptoms
Depression Anxiety Stress Scales | 21 or 42 5-10 (DASS- | Depression, anxiety, and stress (multi-
(DASS-21/DASS-42) 21) or 10-15 | dimensional)

(DASS-42) min-

utes
Personal Report of Public Speak- | 34 10-15 minutes Anxiety specifically related to public
ing Anxiety (PRPSA) speaking
Personal Report of Communi- | 24 5-10 minutes Apprehension and anxiety in public
cation Apprehension — Public speaking contexts
Speaking Subscale (PRCA-PS)
Public Speaking Anxiety Scale | 17 5-10 minutes Cognitive, behavioral, and physiologi-
(PSAS) cal aspects of speech anxiety
Self-Statements During Public | 10 2-3 minutes Positive and negative self-talk during

Speaking Scale (SSPS)

public speaking

Liebowitz Social Anxiety Scale

(LSAS)

24 (plus 24
for avoid-

ance)

10-15 minutes

Social and performance anxiety, includ-

ing public speaking

Personal Report of Confidence as

a Speaker (PRCS)

30

10-15 minutes

Confidence and self-efficacy in public

speaking
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